This paper explores the effect of multiple structural breaks to estimate the parameters and test the unit root hypothesis in panel data time series model under Bayesian perspective. These breaks are present in both mean and error variance at the same time point. We obtain Bayes estimates for different loss function using conditional posterior distribution, which is not coming in a closed form, and this is approximately explained by Gibbs sampling. For hypothesis testing, posterior odds ratio is calculated and solved via Monte Carlo Integration. The proposed methodology is illustrated with numerical examples.
Introduction
Statistical inference of panel data time series model received great attention in the last several decades in both econometrics and statistics literature. The main idea behind the use of panel data time series model is to overcome the difficulty of unobserved variation in cross-section data sets over individual units as well as variation, which may change the structure also. It was assumed that this change was taken by some observations at a fixed and common time point in each series referred to as break point. Thus, structural break concept in panel data set-up is important to handle the permanent effects in the series and impacts other simultaneous variables. For this, an extensive literature concentrates on testing, estimation and detection of the existence of single or multiple structural breaks from univariate to multivariate time series. Perron (1998, 2003) considered the problem of estimation and testing for break point in linear model and determine the number of breaks using double maximum tests. They have also further addressed various issues such as estimation and testing number of breaks, forming confidence interval related to multiple linear regression with multiple structural break. Altissimo and Corradi (2003) suggested an approach for detecting and estimation of the number of shifts in mean of a nonlinear process, which is having dependent and heterogeneous observations. They proposed a new estimator for long run variance, which was consistent in the presence of breaks and verified via a simulation exercise. Li (2004) applied quasi-Bayesian approach to detect the number and position of structural breaks in China's GDP and labour productivity data using predictive likelihood information criterion.
Apart from the above literature, which mainly dealt with the classical approach, a generalized form of estimation and testing the structural break by using Bayesian inference is less explored. Geweke and Jiang (2011) developed Bayesian approach to modelling in-sample structural breaks and forecasting outof-sample breaks. Eo (2012) used Bayesian approach to estimate the number of breaks in autoregressive regressions with structural breaks in intercept, persistence, and residual variance. A model selection criterion was also considered to select the best model from U.S. GDP deflator data. Aue and Horvath (2013) discussed several approaches for estimating the parameter and locating multiple break points. They considered CUSUM procedure as well as likelihood statistic to adjust the serial dependence in presence of structural break. Recently, Melighotsiduo et al. (2017) suggested a Bayesian approach for autoregressive model allowing multiple structural changes in both mean and error variance of economic series occurring at unknown times, and Bayesian unit root testing is also proposed.
In current scenario, a growing literature on estimation and testing of multiple structural breaks in generalized univariate model such as panel data as well as multivariate time series model. A partial list of contributions in multiple structural breaks include Sugita (2006) , Liu et al. (2011) , Jin et al. (2013) , Preuss et al. (2015) and Eo and Morley (2015) to analysis the procedure for detection and estimation of change point in vector error correction model, panel data model. In recent time, detection and estimation of multiple change points in panel data with interactive fixed effect and dynamic structure is introduced. Li et al. (2016) through penalized principal component (PPC) estimation procedure with an adaptive group fused LASSO.
An overview of the above description, this paper provides a general methodology to estimate and inference for panel data model under the presence of multiple change points in mean and error variance parameters. Our approach provides a flexible way to the interpretation of the result in real situation because in most economic and time series data are varying by trend and variance component. If one considers a break in mean also, then the impact of the series changes due to both type of break versus no break point. Thus, a Bayesian approach is introduced to capture the impact of break points in the panel data model. For Bayes estimation, we apply both symmetric and asymmetric loss function to posterior density in order to get better estimators and compare them with ordinary least square estimator. In addition, we also examine the model selection criterion to find the appropriate model, which may or may not contain multiple break points in a real data set.
Model Specification
Let {yit , t=1,2,…,T; i=1,2…,n} be a panel data time series model having B multiple break points in mean and error variance where breaks occur in both parameters in the same location. In that case our panel data model can be expressed as
(1) for j = 1,2,…, B and where n denotes number of cross sectional units,  is the autoregressive coefficient, j  is a ( n × 1 ) vector of mean coefficients at j th division and εit are assumed to be independent and normally distributed with zero mean and division specific variance 2 j  . This is a partial structural change model since the parameter  is not subject to shifts and is estimated using the entire sample space. The model in (1) can also be casted in the form of matrix notation with .* Kronecker delta product indicating element by element array multiplication, Z as the nT × (B+1) matrix whose j th column is equal to one if Tj-1 < t ≤ Tj and zero otherwise, and consider mean and residual variance parameters as a vector form. 
As mentioned, if we follow the usual approach defined in the literature to test for stationarity model reduces by (2) under the null hypothesis H0:  = 1 is difference stationary with multiple breaks in error variance against the alternative hypothesis H1:  ϵ S, series is stationary with multiple breaks in mean as well as error variance.
Bayesian Inference
In this section, we discuss issues related to the estimation and inference about the parameters and testing of unit root hypothesis. In order to perform Bayesian inference we need the likelihood function and specify prior distribution for the model parameters. Posterior probability is obtained by using sample information contained in the likelihood function combined with the joint prior distribution. The likelihood function for this model is 
Bayesian Estimation via Gibbs Sampling
Given the likelihood function and prior density defined by eq n (3) and eq n (4), the posterior distribution is given by 
The posterior distribution in (5) is very complicated and hence no closed form inference appears to be possible. For Bayesian estimation, we proceed via Gibbs sampler, a MCMC method, proposed by Geman and Geman (1984) . The Gibbs sampler procedure, which we used, is described by Wang and Zivot (2000) in a time series regression model with multiple structural breaks. By means of this procedure, it gives a chain of estimated parameters values, which is frequently obtained by conditional probability distribution. Here, our aim is to generate a sequence of random variables from the conditional probability distribution using the current value of the parameters. For this we have derived the form of conditional posterior distributions given below: 
Testing Unit Root Hypothesis via Posterior Odds Ratio
In a hypothesis testing problem, one is generally interested in testing the stationary condition of a model. Here, null hypothesis is used as a unit root hypothesis against the alternative of a stationary model. In Bayesian framework, testing is often convenient to summarize the information in terms of posterior odds ratio. The posterior odds ratio is the ratio of posterior probability under null versus alternative hypothesis with the product of prior odds, notation given as:
Theorem: To test the null hypothesis that yit is a non-stationary I(1) process, i.e. =1 in equation (2), against the alternative hypothesis that yit is a stationary I(0) process, i.e.  ϵ S in equation (1). The posterior odds ratio can be constructed according to equation (9)  
The proof of the theorem is given in the appendix.
In the equation (10), closed form expression of posterior odds ratio is not obtained. Therefore, we use an alternative technique as Monte Carlo integration for approximately solving the integrals and get the value of posterior odds ratio.
Simulation Study
In this section, we conduct a set of simulated experiments to evaluate the performance of our model and compare different estimators based on Monte Carlo simulation. To estimate the model parameters, assume that the number of breaks and the location of break points are known so that the remaining objectives in equation (1) are estimated via an iterative procedure. In simulation experiment we have generated artificial time series from our model with varying numbers of structural breaks at the same time points in mean and error variance parameters. We are starting with the initial observation y0i = (10, 15, 20) . For inverse gamma prior distribution with hyper parameters is to known. For numerical purpose we have taken as cj = dj = 0.01 for all break points. In the case of normal prior, hyper prior mean is equal to mean of the generated series at every break point interval (Tj-1, Tj) with parallel variance given in disturbances term. The true value of mean term for each panel having four partitions is written as (μ11, μ12, μ13) = (14, 16, 18); (μ21, μ22, μ23) = (20, 22, 24); (μ31, μ32, μ33) = (26, 28, 30); (μ41, μ42, μ43) = (32, 34, 36). All results are based on 5000 replications. From the generated sample, we obtained Bayes estimate of parameters and compared the performance with ordinary least square (OLS) estimate. We report the estimated value and its mean square error in Table- 4.1 to 4.3. Table- 4.1-4.3 shows the behaviour of ordinary least square (OLS) and Bayes estimators of parameter with varying values of time series at different autoregressive coefficient. It can be easily seen that MSEs of all estimators decrease as the sample size of series increases. The difference between the estimated value and the true value in OLS is large, which explains that average bias is maximum as compared to Bayes estimator. The Bayes estimator under both loss functions performs better because of additional information given about the parameter. A better estimated value for autoregressive coefficient, mean term and error variance is obtained by ELF as compared to SELF due to less MSE for low value of . For a high value of , Bayes estimator obtained under different loss function is equally applicable to estimate the parameters since both the estimators show more or less same magnitudes for their MSE. An increase in the number of breaks points, MSE also increases because of the length of the segment is small and take less observation to estimate the parameters.
After estimation of structural break parameters, testing of the unit root is considered. We can calculate posterior odds ratio values with different values of  and varying size of the series, which are reported in Table-4 .4. The table shows that as the value of  increases, POR reduces to zero and this rejects the null hypothesis, i.e. unit root hypothesis. Thus, the model which contains multiple breaks in mean and variance have a stationary model for this simulated series. 
Real Data Analysis
To provide a practical application of our model and verify the result obtained by simulation study, we apply our proposed work to a real data set. We use agricultural production and productivity of various crops of food grains data set consisting of 60 years' time series of Rice (R), Wheat (W) and Coarse Cereals . This book provides statistical data on a wide range of economic and financial indicators related to national income variable, output, prices, money, banking, financial markets, etc. To determine the number of break points and their positions in food grains data set, we can use "strucchange" package developed by Zeileis et al. (2002) in Rlanguage. The command "breakpoints" is considered to suggest the number of break points and identify their location in respective individual series. The results are reported in Table-5 .1, which is given below: From the above table one can observe that each series could not contain equal number of break points and their positions also differ from one series to another because of finding the break points individually. After applying the procedure we observe that each series includes two similar break points 12 and 51, which is near and far from the series. The remaining break points (22, 30, 33, 39, 42) mainly occur in between these points. For analysis, we make different combinations of break points containing various numbers of breaks. There are seven break points established; 127 combinations included single as well as multiple breaks. To identify a suitable model for this data set by using loglikelihood function, Akaike information criterion (AIC) and Bayes information criterion (BIC) define how many break points and their location is present in the model. For examination, consider only starting eight combinations, which have minimum AIC and BIC values, as shown in the Table-5.2. By using information criterion, Table-5.2 gives appropriate conclusion about the number of break points and their positions to obtain a suitable model for this data set. The table shows that data follow a PAR(1) model having three break points (22, 42, 51) because of minimum AIC and BIC. Considering higher number of break points, i.e. 5, 6 or 7 in the series, no combination occurs in the last eight observations because the increase in the break point is inconvenient to partition the series in small segments. The maximum number of break points is 4 in this table, which can be considered after 3 break points. When the break point position occurs at only single point, i.e. 22, then AIC and BIC have large value as compared to two break points (22, 42) . If we think about these two break points, AIC and BIC values may or may not be larger than three or four break points at different locations. If positions occur mostly at 22 and 51, statistic values is minimum in our combination so that mean i C 7 , I = 1 to 7. Minimum difference between break points may increase the statistic values, which directly reject these points of the model. An increase in the number of break points, posterior odds ratio value tends to zero, which concludes our model, which contains multiple breaks in mean and variance, is a better model compared to no-break model, i.e. PAR(1) model. The table also shows that data series is a stationary series for any combination of break point considered in the model. As a break point increases, the value of POR tends to zero, which concludes the model is stationary and no unit root is present in the model to make this as a difference stationary.
Once we acquire the number of break points and their positions in the proposed model, use this to estimate the parameters of the model for the data set using Gibbs procedure. The results are summarized in the Table- 
Conclusions
This paper deals with multiple structural breaks, which are present in mean and error variance in panel AR (1) model. Bayesian framework is used for estimating and testing the unit root hypothesis. Bayesian estimator gives better estimated value of the parameter as compared to OLS estimator in simulation as well as in real data. Testing of the hypothesis gives appropriate conclusion about the simulated series, which is stationary, and this is also verified by the real data set at each combination of break points. Break point identification is also done in real data set by using information criterion. This model may be extended to panel AR (p) model with similar types of breaks as well as to VAR model. SCHOTMAN, P. C., VAN DIJK, H. K., (1991 
APPENDIX
In this appendix, we have derived the posterior probability with the help of likelihood function and prior distribution, which are given below: (A.1) For alternative hypothesis 
